Human Mobility during COVID-19 in the Context of Mild Social Distancing:
  Implications for Technological Interventions by Lee, Myeong et al.
Human Mobility during COVID-19 in the Context of Mild
Social Distancing: Implications for Technological
Interventions
MYEONG LEE, Dept. of Information Sciences and Technology, George Mason University, United States
SEONGKYU LEE∗, Dept. of Computer Science, Yonsei University, South Korea
SEONGHOON KIM,Motov, Inc., South Korea
NOSEONG PARK†∗, Dept. of Artificial Intelligence, Yonsei University, South Korea
The COVID-19 pandemic has brought both tangible and intangible damage to our society. Many researchers
studied about its societal impacts in the countries that had implemented strong social distancing measures
such as stay-at-home orders. Among them, human mobility has been studied extensively due to its importance
in flattening the curve. However, mobility has not been actively studied in the context of mild social distancing.
Insufficient understanding of human mobility in diverse contexts might provide limited implications for
any technological interventions to alleviate the situation. To this end, we collected a dataset consisting of
more than 1M daily smart device users in the third-largest city of South Korea, which has implemented mild
social distancing policies. We analyze how COVID-19 shaped human mobility in the city from geographical,
socio-economic, and socio-political perspectives. We also examine mobility changes for points of interest and
special occasions such as transportation stations and the case of legislative elections. We identify a typology of
populations through these analyses as a means to provide design implications for technological interventions.
This paper contributes to social sciences through in-depth analyses of human mobility and to the CSCW
community with new design challenges and potential implications.
Additional Key Words and Phrases: COVID-19, Human Mobility, Design Implications
ACM Reference Format:
Myeong Lee, Seongkyu Lee, Seonghoon Kim, and Noseong Park. 2020. Human Mobility during COVID-19 in
the Context of Mild Social Distancing: Implications for Technological Interventions. 1, 1 (July 2020), 26 pages.
https://doi.org/10.1145/nnnnnnn.nnnnnnn
1 INTRODUCTION
The recent COVID-19 pandemic (SARS-CoV-2) has caused radical social changes world-wide,
driven by both citizens’ prevention efforts and health authorities’ policies and recommendations
for flattening the curve. As part of such efforts, technological interventions such as mobility-
tracking and self-diagnosis apps have been developed to help mitigate the risks (e.g., [8, 33]). While
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the context could be different from pandemics, crisis management strategies and technological
interventions have been widely studied in a similar manner in the computer-supported cooperated
work (CSCW), human-computer interaction (HCI), and a broader field of crisis informatics (e.g.,
[41]). For example, scholars have studied information and communication technologies (ICTs) for
disasters and emergencies, which include, but are not limited to, effective communications tools
[16], people’s re-appropriation of existing ICTs [44], and crowdsourcing technologies for curating
crisis-related data [51].
To make these kinds of technological interventions effective for pandemics, understanding
human mobility needs to be preceded, because the spread of the virus is closely related to human
mobility [29]. Due to this reason, social distancing has been one of the major guidelines for citizens
in many countries, among other measures during the COVID-19 outbreak. Human mobility is a
strong predictor of the epidemic diffusion in its early stage, but it is also a direct indicator for
measuring people’s social distancing practices [29]. By monitoring mobility in local communities,
health authorities can benefit by having data-driven evidence to adjust contingency plans and
prepare strategies for future pandemics dynamically.
From a technological intervention perspective, the context of COVID-19 poses new challenges
for CSCW scholars in understanding the new norms and mobility with respect to people’s work
and life. While outdoor activities are not recommended during the pandemic, it is still necessary
for many people to work either from their homes or workplaces, to go for grocery shopping, and
to do exercises for their health. Because the forms of these essential activities vary significantly by
region, available resources, and even people’s demographic characteristics [10], people’s behavioral
patterns shaped by social determinants might be different by social, geographical, and cultural
groups. This is why understanding human mobility during pandemics is a basis for implementing
health policies and augmenting technological interventions to flatten the curve as well as to build
the community resilience capacity. Without understanding the dynamics of human mobility that
are often contingent on people’s socio-economic and socio-cultural characteristics, a technological
intervention that is effective for one group could be a source of inequality for another.
In light of this implication, there have been many studies that focus on mobility changes during
the COVID-19 outbreak. On the one hand, research has examined national-, state-, or county-level
mobility changes, which tend to reflect people’s mid- to long-term mobility during the pandemic
(e.g., international students and employees go back to their home countries for the pandemic period)
[19, 26]. On the other hand, with the support of IT companies and non-profit organizations that
have curated mobility data of their customers, many others studied mobility changes at the granular
geospatial levels, such as point of interest (POIs) [35]. These studies and statistics show where
hot or dead spots are located during the pandemic and how people change their behaviors in a
high geographical resolution, such as at a census block or a location level. They can also capture
people’s daily mobility patterns under strong social-distancing measures such as travel restriction
[26, 52]. However, these studies’ implications could be limited when it comes to a context where
social and economic activities are weakly restricted.
To understand the role of socio-political context during the COVID-19 outbreak, we study the
human mobility change between December in 2019 and May in 2020 in a metropolitan city in South
Korea, where social distancing was encouraged but not implemented in the form of strong travel
restrictions or stay-at-home orders. This mild social distancing was possible partially by virtue
of the health authority’s aggressive management in the early stage of the outbreak [2]. From a
scientific point of view, the context of mild social distancing in South Korea provides opportunities
to understand: (1) how human mobility manifests based on people’s prevention behaviors and
perceptions, rather than by the government’s policies and administrative enforcement, (2) how
social determinants of health outcomes such as demographic and socio-economic features shape
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people’s mobility, (3) how mobility changes when the infection rate is decreasing (i.e., during a
releasing period), and (4) what the mobility changes during special occasions such as the national
election look like during the pandemic.
In addition to these scientific contributions, this paper also provides design implications for
pandemic-related technological systems. Beyond crisis management, the CSCW community has
a long tradition of studying technology-assisted collaborative work for mobile workers [41] and
crowdsourcing strategies for solving community problems through spatio-temporal data [31, 42].
Understanding human mobility during the pandemic is useful not only for the design of crisis
management systems but also by suggesting a typology of potential users who respond differently
to the pandemic. It also provides implications for technology-assisted collaborative work strategies
such as collaborative problem-solving in distant work settings. The mobility patterns of workers
and their new norms in workplaces and homes might raise new challenges for collaborative systems,
which might require a re-design of the existing systems. Unpacking these design challenges based
on people’s mobility patterns will help develop mobile working and crowdsourcing strategies
during the pandemic. We expect that exploring this design space will facilitate discussions about
the collaborative system design for the new norms after the pandemic by introducing a new set of
behavioral characteristics that manifest in diverse socio-political contexts.
To this end, we make use of the 5-month pedestrian location data in the city of Incheon where the
largest international airport is located.1 The data collection period is from December 18th in 2019
throughApril 30th in 2020, which covers the periods of pre-pandemic, themajor COVID-19 outbreak,
and relief.2 This dataset is a by-product of the location-based advertisement recommendation
systems and was made available based on a partnership between the authors’ institutions and a
start-up company in South Korea.
We aim to understand human mobility during COVID-19 in the context of mild social distancing
through this data analysis. Based on this analysis, we identify a typology of populations from a
mobility perspective during the pandemic: crowd-avoiding outdoor workers, old workers, working
voters, flexible office workers, and leisure-time seekers. This typology provides design implications
for technological interventions during pandemics.
2 HUMANMOBILITY DURING THE PANDEMIC
We first review scientific research about human mobility during the pandemic in diverse contexts.
Mobility research can be classified into macro-, meso- and microscopic analyses depending on the
geographical unit of analysis and the mobility data aggregation level [26]. The macroscopic-level
analysis includes studies that focus on international, inter-state, or inter-county mobility patterns,
which might help understand mid- to long-term migration behaviors rather than daily mobility
patterns. The mesoscopic level covers regions smaller than a county or metropolitan area, such
as within a Combined Statistical Area (CSA) of the United States Census. Such analyses focus on
small-region mobility, such as cross-census tract dynamics. Finally, microscopic-level analyses focus
on place-level or location-based analysis where the resolution of the geographical unit is precise
geo-coordinates. Along with this classification, we review pandemic-related mobility research
in several socio-political contexts related to the pandemic. Subsequently, we review known risk
factors and social determinants of health outcomes that can give rise to human mobility.
1The population in the city of Incheon is around 3M. Due to its location next to Seoul, there are about 26M residents in a
2-hour distance from the city, characterizing it as a metropolitan area. It also has the fourth biggest number of COVID-19
confirmed cases in South Korea (see http://ncov.mohw.go.kr/en).
2Although the pandemic has not ended and its risk remains as of May 2020, the paper calls the period after the Mid-March
through April as “relieved” based on news articles’ characterization of the period. See 4.4.
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2.1 Mobility under Strong Measures
Many studies about human mobility during the COVID-19 outbreak have focused on regions or
countries that implemented a strong social distancing measure such as a stay-at-home order for a
majority population. The analysis level in this context ranges from macroscopic- to microscopic-
level analyses. Many of them made use of mobility data provided by IT companies or non-profit
organizations that was made available to the public or on-demand as part of efforts to overcome
the pandemic. These studies examined the effects of strong social distancing measures in different
governance units. For example, a macroscopic-level study using the mobility data from Baidu
showed that the inter-city and inter-province mobility in China was a proxy of the spread of the
virus in the early stage of the pandemic [29]. This study concluded that the correlation between
inter-city mobility and the spread of the virus weakened significantly after the country had taken a
strong measure of locking down the affected cities.
While the degree of enforcement was different from that in China, studies in the contexts of
North America and Europe provide similar implications for the impact of social distancing measures.
Del Fava et al. showed decreasing patterns in social contacts by directly surveying people during
COVID-19 and found that the reduction in social contacts after announcing the social distancing
guideline was smaller in North America and European countries, except for Italy than China [13].
Similarly, by making use of the Cuebiq data, Klein at al. found that, after the stay-at-home order
in multiple states in the United States, inter-CSA travels decreased by 60% to 80% (macroscopic)
and inter-census tract mobility decreased by 50% (mesoscopic). Individual-level mobility measured
using the radius of gyration decreased by 40% to 60% during weekdays (microscopic) [26]. Using
the same dataset but focusing on the New York metropolitan area, Bakker et al. reported similar
patterns at the place level, showing that individuals’ average travel distance per day decreased by
70% during weekends, the social contact rate decreased by 93%, and the place visiting rate decreased
by 60% after the national emergency declaration in the area [1]. Using the same mobility data,
similar findings were found in Italy, in which a strong social distancing measure was implemented
[39].
Studies with other datasets confirmed the same findings as that of the studies using the Cuebiq
data. For example, Descartes Lab. curated human mobility data from smartphone users’ GPS logs
[50]. This study reported sharp mobility drops in many states in the United States after strong
measures and explained some contextualized patterns by regions (macroscopic). Combining this
data with the SafeGraph dataset, another study also developed a GIS-based visualization system for
monitoring county-level human mobility, showing the change of people’s dwelling time by county
over time [17]. A study that used the Unacast data reported that, at the county-level, a reduction in
mobility was associated with a rise in the local infection rate [14], which is consistent with the
findings of other studies [18, 29].
Overall, these studies show the effects of strong social distancing measures on human mobility
in various locations, regions, and countries. Although the administrative management of health
authorities do affect human mobility, people’s voluntary efforts and prevention behaviors also give
rise to their mobility changes [50]. This phenomenon can be observed better when social distancing
measures are weakly implemented because government policies may have had relatively small
effects on human mobility.
2.2 Mobility under Mild Measures
The number of countries that took a mild social distancing measure is smaller than those that took
a strong measure. Countries that were studied in the context of mild social distancing are Sweden
and South Korea [12, 38]. Although both countries took similar measures, their backgrounds and
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motivations are different. According to a news article, the “Swedish model,” which keeps schools
and other facilities open while encouraging social distancing, is intended to maintain the national
healthcare system’s stability by sharing the burden of the healthcare workers in taking care of their
children [45]. This article reported that the Swedish model was implemented based on people’s
strong trust towards the health authorities. Meanwhile, in South Korea, a mild social distancing was
implemented, aided by their testings to trace all individuals who contacted confirmed patients [2].
While taking a strongmeasure of self-quarantine and converted schools online, Korean governments
have allowed free movement for most of the population. Because of these differences between the
two countries, their meso- or microscopic mobility patterns might be different.
To our knowledge, only several studies have analyzed mobility during COVID-19 in the context
of mild social distancing. A study that used call detail records (CDR) acquired by a telecom company
in Sweden reported that there was a 64% decrease in mobility in residential areas (mesoscopic), a
33% decrease in commercial areas during daytime (mesoscopic), and a 38% decrease in the maximum
travel distance per day (microscopic) in the greater Stockholm region [12]. Another study using
the Seoul Metropolitan Subway data in South Korea reported that daily passengers decreased by
40.6% overall (mesoscopic) [38].
These studies provide a similar mobility change implication to that in the countries with strong
measures: (1) the overall mobility in metropolitan areas decreases significantly; (2) the mobility in
commercial areas decreases relatively less compared to residential areas, maybe due to the continued
operations of businesses; and (3) demographic and socio-economic features minimally give rise
to the variation of mobility change. Although these studies analyzed mobility changes during
COVID-19 with respect to demographic and socio-economic status at the micro- and mesoscopic
levels, their analyses are limited due to their short analysis period, implicit classification of land-use,
and low temporal resolution. The Sweden case focused on daytime mobility during an early stage
of the COVID-19 development, and the South Korean case focused on only subway transit logs for
a small number of subway stations. Due to these limitations, more systematic and contextualized
analyses are necessary to understand how mobility patterns change and manifest in the context of
mild social distancing.
To provide better implications for mobility changes in this context, we aim to conduct analyses
by land-use types, socio-economic factors, and demographic features at the mesoscopic region
level. As the first step toward the goal, we ask the following Research Question 1:
• RQ1: How did socio-political events about COVID-19 affect human mobility in South Korea?3
2.3 Social Determinants of Health Outcomes and Mobility
In addition to socio-political events, social determinants of health outcomes, such as demographic
features, could be related to a risk of COVID-19, which in turn might affect people’s preventive
behaviors. While chronic diseases and other health conditions are considered critical factors, this
paper focuses on social determinants of health outcomes for our focus on community dynamics.
In public health, it is known that health outcomes such as mortality rate are heavily influenced
by people’s socio-economic status (e.g., income, education, and employment status), demographic
features (e.g., age), and social capital (e.g., the strength of social support networks) [21]. Because
these factors are closely related to or confounded with individuals’ access to healthcare services,
health-related behaviors, and nutrition levels, mitigating the potential inequality in local commu-
nities is one of the main goals on which many medical and public health experts have focused.
3“Socio-political events” mean any articles, governments’ policies, and other events about COVID-19 that attracted attention.
See Section 4.4.
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During COVID-19, while it is still a developing phenomenon as of May 2020, individuals with high
socio-economic deprivation were victimized most in the United States [46].
Countries with mild distancing measures might present similar patterns to the United States
when it comes to social determinants of health outcomes, even though their socio-economic and
socio-cultural dynamics are different. Of course, the healthcare systems in South Korea and Sweden
are universal and government-funded, so the effect sizes of the social determinants could be different
from that in the United States. However, humanmobility can still vary depending on socio-economic
status in these countries because of the nature of different professions and occupations across
socio-economic groups [10]. Because it is still unclear whether socio-economic status shaped the
mobility patterns of individuals under mild social distancing measures, we ask Research Question
2 as follows:
• RQ2: How did human mobility in South Korea vary depending on socio-economic status?
Demographic features are also known as important risk factors for COVID-19. Studies found
that age and sex give rise to the degree of risk (mortality rate) [6, 23]. Men were reported as being
more vulnerable to COVID-19 than women and women tend to pursue safety more actively than
men from a behavioral perspective [40]. This shows that gender-driven risk-taking behavior may
mediate the effects of the reported medical risk on human mobility (i.e., the social construction of
the reported risk).
Age also matters. The medical risk from COVID-19 is higher among older people; thus, the
perceived risk of COVID-19 may be higher among them as well. A study showed that the social
distancing rate during the COVID-19 outbreak was higher among older people than young people
in eight European countries [13]. Because the demographic factors correlated with the medical risk
may shape people’s perception of COVID-19 differently, human mobility might vary depending
on the demographic characteristics. Overall, we expect that both the medical risk and the social-
construction of gender-based prevention behaviors give rise to human mobility. Previous studies
on sex as a biological factor [23] and gender-based behavioral discrepancies [40] suggest two
potentially-conflicting inferences for the effects of sex on mobility during COVID-19. Because the
reported risk from COVID-19 is higher among men, we can hypothesize that the drop rate of men’s
mobility might be higher than that of women. Conversely, it is also reasonable to infer the other
way around due to the behavioral patterns. Therefore, we ask Research Question 3 as follows:
• RQ3: How are demographic characteristics related to human mobility during COVID-19?
2.4 Points of Interest (POIs) and Mobility
Several recent studies used the classification of places as a proxy for understanding the motivation
of mobility changes at the microscopic level during COVID-19 (e.g., whether each individual’s
movement was for an essential or non-essential purpose) [26, 35]. While partially providing similar
implications, we study unique POIs that are related to, but are not limited to, the international
travel through a hub airport, the domestic travel through major bus stations, and the national
election day. There is the biggest international airport in South Korea in the City of Incheon. For
example, the mobility change in the airport area can imply the volumes of international travel from
and to South Korea.
Another major event during the pandemic was the national elections for congressmen and
congresswomen, which were held on April 15th, 2020 [37]. This was the first national elections in
the world under COVID-19, which let the South Korean governments take new approaches. For
example, the government employees made sure that voters keep social distancing while waiting
on line, wear masks, and sanitize their hands throughout the voting process. Because of this new
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(1) WiFi Probe Requests 
Data ServerTelecom Company
Data processingDatabases for subscribers and their 
randomized MAC addresses
A taxi with an advertising deviceSmartphones nearby the taxi
(2) Randomized WiFi
MAC addresses
Data collection
(3) Aggregated 
demographic info
(2) (4) 
Fig. 1. The data curation workflow. Smartphones send a probing message periodically to find nearby WiFi
access points. The transmission delay of the probing message is under 50 microseconds in general, and the
signal traverses through the air in the speed of light [32]. The signal decoding time in the collecting device is
also under a few microseconds. Therefore, a probing message is received instantaneously, and data is curated
in real-time, even at the taxi velocity of 100km/h.
measure, human mobility on the election day would present a unique mobility pattern compared
to other days.
Because some of these POI-based analyses may show unique mobility patterns that can be
observed only under the mild social-distancing measure, POI-based analyses might provide a
nuanced understanding of the mobility changes during COVID-19. In this regard, we ask Research
Question 4 as follows:
• RQ4: How did human mobility change during COVID-19 in the regions with important POIs and
on the national election day?
3 DATA CURATION
Data is curated by a location-based advertisement start-up in South Korea. This companyworks with
one of the largest telecom companies in South Korea to detect real-time demographic information
around a taxi. Taxis use this demographic information to provide targeted advertisements that
are streamed through the rooftop displays. Overall, there are more than 200 taxis deployed in the
city of Incheon, the third-largest city in South Korea. Incheon International Airport, located in
this city, carries 77% of South Korea’s international flights. Each taxi has a WiFi intelligent access
point (IAP), a Long-term Evolution (LTE) cellular modem, a GPS. IAP is a customized version of the
general WiFi access point (AP) that captures MAC addresses of WiFi devices such as smartphones in
real-time. To protect user privacy during the data acquisition process, the demographic information
is collected in an aggregated manner, and MAC addresses are randomized.
The data curation process is as follows. The numbers for the following steps correspond to those
in the workflow in Fig. 1. (1) Individual smartphones keep sending WiFi probe requests to find
a new AP. Because the IAP on a taxi keeps scanning these WiFi probe request messages, it can
extract an MAC address from a request message. (2) The taxi sends the extracted MAC address to
both the telecom company and the data server of the start-up company. (3) The telecom company
looks up its subscriber database, as MAC addresses are received, and aggregates the demographic
information (i.e., age and gender) every minute. Then, they send the aggregated demographic data
to the start-up’s server every minute. As a result, the returned demographic data does not include
, Vol. 1, No. 1, Article . Publication date: July 2020.
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Table 1. The notation table
Symbol Meaning
i, t Taxi i , time point t in second (e.g., t can be 23:59:59, 2020-03-13)
D A set of discrete time points
T The entire time period in our dataset, i.e., from 00:00:00, 2019-12-18 to 23:59:59, 2020-04-30
tf , tm, tд The first outbreak time tf , the first massive infection time tm , and the golden-cross time tд
t0, tl The first and last time point of T in our dataset
h An hour band in a day. h can be one of {[0, 1), [1, 2), . . . , [23, 0)}.
c, C Voronoi cell c and a cluster C of Voronoi cells
si,t The <Longitude, Latitude> information of taxi i at time point t
pi,t
The volume of floating population detected by taxi i for the past one minute from t , i.e., [t − 60, t ].
We call this as volume per minute (VPM). This is taught by the telecom company.
pc,D
The average volume of per-minute floating population in cell c at time points in D .
pc,D =
∑
pi,t ∈P
pi,t
|P | ,
where P is a set of VPMs with t ∈ D and the longitude/latitude of taxi i belong to c at time point t .
pC,D
The average volume of per-minute floating population in a cluster C at time points in D
pC,D =
∑
c∈C
pc,D
|C |
ph,c,D Similar to pc,D but we use only VPMs in D whose hour band is h.
ph,C,D Similar to pC,D but we use only VPMs in D whose hour band is h.
ORDINARY The set of time points before the first case, i.e., the time interval [t0, tf )
ALERT The set of time points between the first case and the massive infection case, i.e., the time interval [tf , tm )
PANIC The set of time points between the massive infection case and the golden-cross, i.e., the time interval [tm, tд )
RELIEVED The set of time points after the golden-cross, i.e., the time interval [tд, tl ]
WORKING Working days in T . We use ORINARY_WORKING, PANIC_WORKING, ALERT_WORKING,and PANIC_WORKING to denote working days in each interval.
HOLIDAY Holidays in T . We use ORINARY_HOLIDAY, PANIC_HOLIDAY, ALERT_HOLIDAY,and PANIC_HOLIDAY to denote holidays in each interval.
any original MAC addresses. The start-up company ensures privacy by making it impossible to
join taxis’ sensory data and the returned demographic data. Finally, (4) the returned demographic
data is used for targeted advertisements that stream through the rooftop displays in real-time.
The number of captured MAC addresses and their corresponding demographic information
aggregated every minute are the key to understanding mobility in our analysis. Volume per minute
(VPM), denoted pi,t for taxi i at time point t , is the unit of human mobility (see our notations in
Table 1). The quality of data collection was tested at up to 100km/h without failure, which ensures
the data consistency and stability (see the description in Fig. 1).
4 DATA PROCESSING
In this section, technical details are presented to show how key variables are generated and how
the spatial and temporal units of analysis are determined. This process includes (1) the Voronoi
decomposition [3] of the city of Incheon for determining the geospatial unit of analysis, (2) the
temporal aggregation of the collected demographic data for determining the temporal unit of
analysis, (3) the land-use classification in the city of Incheon, (4) the socio-political segmentation
of the data collection period, denoted T , and (5) the geographical imputation of socio-economic
status at the Voronoi cells. We present key notations in Table 1.
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Fig. 2. (a) The k-Means clustering of si,t . The X-axis has various k configurations, and Y-axis is the sum of the
squared distances to cluster centroids. We choose k = 1, 000 using the elbow method. Note that k = 1, 000
is the starting point of the saturation of the unsupervised clustering evaluation metric. (b) The histogram
of the percentage of non-empty time slots when u is one hour. For example, there are about 30 cells whose
non-empty percentage is 80%. (c) The histogram when the unit u is 30 minutes (d) The histogram when the
unit u is 2 hours
4.1 Geographical Unit of Analysis
Although there are municipal boundaries available within the city of Incheon, these administrative
boundaries tend to be inconsistent with those of meaningful mobility or people’s perception of the
neighborhoods, as previous work demonstrates [11, 34]. In addition, the uneven distribution of taxi
locations in our data may cause varying uncertainty levels of mobility across regions if municipal
boundaries are used. These potential issues lead us to generate geographical boundaries based on
taxi locations. This taxi-report-driven approach to determine the geographical unit of analysis
ensures the regularity of taxi density across the city’s regions. One of the best ways to generate
geographical boundaries based on location data is Voronoi diagram [3].
To generate Voronoi cells, we first run the k-Means clustering [4] for the geo-coordinates of taxis
to find k centroids. Fig. 2 (a) shows the sum of the squared distances to cluster centroids, a popular
unsupervised metric to evaluate the quality of clustering [30], as k increases. We use the elbow
method [47] to choose the optimal k configuration and k = 1, 000 is selected. To make use of the
elbow method, we first draw a line segment connecting the first and last points (i.e., k = 500 and
k = 2, 500) in Fig. 2 (a) and calculate the perpendicular distance to the line segment for each point.
As a result, k = 1, 000 yields the longest perpendicular distance. Using the 1,000 centroids identified
by the k-Means clustering, we draw a Voronoi diagram and the entire city can be segmented into
1,000 Voronoi cells, as depicted in Fig 3 (a).
4.2 Temporal Unit of Analysis
As mentioned, pi,t is reported every minute from the partner telecom company, which poses a
similar challenge to that of the geospatial unit of analysis but in a temporal manner. If the VPM
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data is used directly, it may not cover all the temporal range for a given Voronoi cell c , due to
the uneven distribution of taxis across the time slots. This means we also need to determine the
temporal unit of analysis for covering an enough number of time slots for each Voronoi cell. We
take the following approach to decide the temporal unit.
First, let u, e.g., one hour, be a new temporal unit after aggregating the original time unit t . We
divide the entire time period T into many time slots of size u, {[0,u), [u, 2u), . . . }. We count the
number of unique MAC addresses for each time slot [xu, (x + 1)u) and then calculate the percentage
of the time slots where the count is non-zero in a cell c . We choose such a configuration of u where
the number of cells with non-empty periods (i.e., the count is non-zero) is large enough. Fig. 2 (b)
shows the histogram for the non-empty time slot percentages when u is one hour. In that case,
a majority of cells have more than 50% of non-empty time slots. We think that the histogram of
u = 30 minutes has many cells with empty time slots, and u = two hours is too coarse to observe
meaningful changes in our analysis. Therefore, we use one hour as the temporal unit of analysis.
4.3 Land Use of Voronoi Cells
Because human mobility patterns depend on the characteristics of the Voronoi cells, mobility needs
to be understood by land-use. Government-provided land-use exists, but based on our qualitative
examination, it does not reflect the land-use of each polygon well, maybe because people’s use of
the land is often mixed and varies significantly. For example, the Incheon National Airport area
is designated as a green area according to the government’s classification, but people’s main use
is international travel. This inconsistency between the official land-use classification and their
manifestation is common in many cities that present a high population density in Asia [48]. This
makes it challenging to use the government’s land-use classification and necessitates identifying
the ground truth of the land-use in each cell in a different way.
For identifying the land-use of Voronoi cells, four student assistants who are familiar with the
city of Incheon manually assessed the land-use of each cell based on the amenities and places in it.
They were asked to rank four land-use types for each Voronoi cell: residential, commercial, green,
and industrial, instead of selecting the best use because many cells were a mix of different uses. For
each cell c , we randomly assigned three raters and have them rank the land-use types for each cell
without talking to each other to minimize peer-influence. We classified each cell with a land-use
type that was rated by equal to or more than two raters based on the manual coding results. To
evaluate the quality of the initial tagging results, we use the Fleiss’ kappa [20], denoted κ, which is
a standard way to measure inter-rater agreement on rankings. The Fleiss’ κ was 0.41, which is a
moderate agreement level and suggests a reasonable coding result for the analysis. After that, we
encouraged people to discuss and make a consensus for each cell’s land-use type.
4.4 Socio-Political Events related to COVID-19
The first COVID-19 case in South Korea was reported on January 20th, denoted tf = 00:00:00,
2020-01-20 and the first massive infections started from a cult ceremony in the City of Daegu on
February 18th, denoted tm = 00:00:00, 2020-02-18 [7]. Even though the City of Daegu was about
250km away from Incheon, this massive outbreak brought a serious concern to South Korean
people, reminding them of the criticalness of social distancing practices. About a month later, since
this event, the “golden-cross,” where the number of daily new confirmed cases became smaller
than that of daily discharged patients from self-quarantine or hospitalization for the first time,
happened on March 13th, denoted tд = 00:00:00, 2020-03-13 [53]. This event was meaningful to
people, signaling that the COVID-19 outbreak was going downhill.
These events overall were symbolically noticeable to people because the Korea Centers for
Disease Control and Prevention (KCDC) provided guidelines or announcements on these days,
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and online/offline news media also highlighted these events through many articles [28]. Using
these socio-political events that are symbolically and practically meaningful about COVID-19, we
divide the entire period T into four segments: (1) before the first case in Korea, i.e., [t0, tf ), (2)
between the first case in Korea and a large outbreak in the City of Daegu, i.e., [tf , tm), (3) between
the outbreak in Daegu and the golden-cross, i.e., [tm , tд), and (4) on and after the golden-cross, i.e.,
[tд , tl ]. We use t0 and tl to denote the first and last time points, respectively, in our dataset, i.e., t0 =
00:00:00, 2019-12-18 and tl = 23:59:59, 2020-04-30. These four time-segments are characterized as
ORDINARY, ALERT, PANIC, and RELIEVED, respectively, based on how South Korean people feel
about COVID-19. We also note that ALERT includes the Lunar New Year (January 25th), which is
one of the biggest holidays in east Asia, and RELIEVED includes the national legislative elections
day (April 15th).
4.5 Socio-Economic Status
Because we focus on Voronoi cells within the city of Incheon, high-resolution data that indicates the
socio-economic status of residents is needed at the cell level to answer RQ2. However, South Korea
has not made the socio-economic status data open to the public at the granular geographical level
within a city; instead, it only provides income and education status data at the city and province
level [27]. Due to a lack of official socio-economic status data at the Voronoi cell level, we use
the housing transaction data as a proxy for measuring the socio-economic status. This is feasible
because, in South Korea, real estate occupies the most significant portion of wealth, especially since
the 2000s [25].
Although housing prices weakly predicted the household income in the 1990s in South Korea
[24], the structure of the real estate financing market has radically changed. Since the 2000s, real
estate owners have heavily relied on the Chonsei system, a unique rent system in South Korea that
allows the owner to keep a large amount of money from tenants during their rental period, instead
of receiving monthly rent [25]. This systemmade it possible for the owners to finance by themselves
in acquiring additional real-estates, without relying on banking systems such as a mortgage. As a
result, real estate ownership underpinned by the Chonsei system has become a significant source of
socio-economic inequality in South Korea in the 2010s by hampering the entrance of new owners
to the real estate market, because the institutional support for real-estate financing was insufficient
for newbies [25]. These studies on the Korean real-estate market justify that the housing price data
based on real-world transactions can be used as a proxy of socio-economic status for the Voronoi
cells.
The housing price data was part of the real-estate transaction dataset for the period between
April 1st in 2019 and April 30th in 2020. This data was released by Ministry of Land, Infrastructure
and Transport through their open data portal [36]. While the transaction data provides precise
locations with physical addresses, the real-estates’ locations cover only part of the Voronoi cells.
This led us to use a geospatial imputation method to estimate the housing prices of empty cells.
When the locations of the real estate transactions were geographically aggregated into Voronoi
cells, 573 out of 1000 cells had housing price values. For each of the empty cells, we selected the
real-estates that are located within a 1km radius from the centroid of the cell and imputed the
housing price by averaging the unit prices of the selected real-estates. The length of the radius,
1km, was determined based on the size of “Dong,” the smallest census unit in South Korea. The
mean value of all Dong areas in the city of Incheon is 3.4km2, and the median value of the areas is
2.1km2, showing a long-tale distribution. This means the average radius of Dong areas is about
1.04km, and the median radius of Dong areas is about 0.82km, which justifies 1km as the radius for
imputing the housing prices of empty cells.
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Fig. 3. (a) The average unit prices for housing in the Voronoi cells (after geo-imputation) (b) The total volume
of the floating population in Voronoi cells, i.e., the number of unique MAC addresses discovered daily. Note
that the volume slightly decreases after the first massive infections at tm . Because the nationwide lock-down
had not been imposed in South Korea, the degree of mobility reduction is not as high as that in other countries.
After the imputations with the 1km threshold, 114 Voronoi cells (11.4% of entire cells) were still
empty, meaning that there were no real-estate transactions within a 1km radius from the centroids
of these cells. Because many of these cells were located in the peripheral areas of the city or green
areas such as mountains, we used a well-known statistical imputation method, mean substitution
for these regions: the 114 cells were imputed with the average value of all the other cells. We use
the results of this multi-step imputation process as the proxy of socio-economic status for the
Voronoi cells.
5 RESULTS
In this section, we describe our main analysis results, including their detailed charts. After describing
descriptive statistics in our dataset, we answer all the research questions.
5.1 Descriptive Statistics
Fig. 3 (a) shows the Voronoi diagram with 1,000 cells generated based on taxi locations in the city
of Incheon, following the steps presented in Section 4.1. Using the average unit price of the real-
estates that were purchased or sold or the value that was imputed based on the method presented
in Section 4.5, the Voronoi cells are color-coded in Fig. 3 (a). The smallest cell has a size of 0.01km2,
the largest has 124km2, and the median size of the cells is 0.2km2, showing a long-tale distribution,
just like that of ‘Dong’s.4
The total volume change of the floating population in our dataset is shown in Fig. 3 (b). More
than 1M unique MAC addresses are collected in a day for the data collection period. Compared to
that in ALERT, the total volume of working days decreased by 3.3% (p=3.56e-18) during the PANIC
period. We expect that the weak implementation of a social distancing measure in South Korea
resulted in a small decrease compared to that in other countries [2].
4The size of the largest cell is 124km2 because it covers the region outside of the city due to the characteristic of the Voronoi
diagram. Because the size of the cells is not used in the analysis, this bias that exists on the periphery of the city is negligible.
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5.2 RQ1: How did socio-political events about COVID-19 affect human mobility in
South Korea?
To precisely analyze the human mobility influenced by important socio-political events, we first
perform a t-test to test whether a Voronoi cell c’s mobility is influenced by the occurrence of the
first massive infections at tm . After dividing each working day and each holiday in ALERT/PANIC
into 24 hour bands, respectively, we construct an array of 48 values (24 for working days and 24 for
holidays), denoted as follows:
Sc,ALERT _WORKING ={p[0,1),c,ALERT _WORKING ,p[1,2),c,ALERT _WORKING , . . . },
Sc,PAN IC_WORKING ={p[0,1),c,PAN IC_WORKING ,p[1,2),c,PAN IC_WORKING , . . . },
Sc,ALERT _HOLIDAY ={p[0,1),c,ALERT _HOLIDAY ,p[1,2),c,ALERT _HOLIDAY , . . . },
Sc,PAN IC_HOLIDAY ={p[0,1),c,PAN IC_HOLIDAY ,p[1,2),c,PAN IC_HOLIDAY , . . . },
(1)
where p−,c,− means the average of all the VPMs in each hour band in cell c during all working
days/holidays of ALERT/PANIC.
We use Sc,ALERT _WORKING and Sc,ALERT _HOLIDAY (resp. Sc,PAN IC_WORKING and Sc,PAN IC_HOLIDAY )
to construct an array with 48 values representing the mobility signature of c during ALERT (resp.
PANIC). We compare these two arrays, one for ALERT and the other for PANIC, using a paired
t-test in each cell c . The massive infections at tm put people into a panic so comparing ALERT
and PANIC is an effective method to understand the mobility change during COVID-19. Using the
p-value threshold of 0.05, we found that 146 cells presented decreases in mobility, 47 cells showed
increases, and the other remaining cells had no significant changes in mobility before and after tm .
We analyze the decreasing, increasing, and non-changing cases separately to highlight each case’s
unique patterns as well as to identify diverse populations.
We classify Voronoi cells with decreased mobility into four types of land-uses, namely, residential,
commercial, industrial, and green, using the manual tagging, as described in Section 4.3. Fig. 4 shows
their mobility patterns. Y -axis is the volume relative to the hourly baseline volume of ORDINARY.5
Both the residential and commercial regions show significant drops in mobility in PANIC. The cells
for residential use present a mobility ratio of -14.50% (p=3.81e-39) between ALERT and PANIC —
these residential cells include many standalone high-rise apartments with commercial places on
their lower floors, which are usually more expensive than other residential types. The commercial
cluster that consists of commercial places around bus stations, stadiums, administrative buildings
presented -13.41% (p=2.39e-38) between ALERT and PANIC. In particular, the working day mobility
of the residential regions decreases by -16.00% (p=8.68e-78). Their mobility is not recovered even in
RELIEVED. For the industrial cluster around the port of Incheon, the mobility does not decrease
during working days. However, weekend mobility shows a meaningful difference between ALERT
and PANIC by -25.71% (p=1.32e-6). In the 12 Voronoi cells of the green cluster, their mobility
decreases during PANIC by -16.13% (p= 1.88e-15). These cells include not only park areas but also
hills and small mountains, so their absolute volume of mobility is much smaller than the baseline.
One interesting pattern across residential, commercial, and industrial clusters is that while
morning time mobility decreases in general, mobility at the peak rush hour time around 8 AM
does not decrease that much. Also, slight peaks around the 6 PM (rush hours) during ORDINARY
working days disappear in PANIC. This suggests that many people who can work remotely started
working from home, while people who need to go to work still commute to workplaces but may
have changed their commuting patterns to avoid rush hours. Similarly, mobility peaks during
ORDINARY disappear in both holidays and working days for the green cluster. This means the
5100% means volume at an hour band is same as the mean volume in the same hour band of ORDINARY.
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(a) Residential cluster (82 Voronoi cells)
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(b) Commercial cluster (37 Voronoi cells)
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(c) Industrial cluster (9 Voronoi cells)
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(d) Green cluster (13 Voronoi cells)
Fig. 4. The hourly mobility patterns for various land-use types of the Voronoi cells where human mobility
decreased after tm . The vertical red and black lines mean 9am and 6pm, respectively.
massive outbreak at tm affected people’s commuting behavior as well as their leisure activities
during weekends.
Fig. 5 shows the mobility patterns of the increasing cases. In all but the green cluster, their
increasing rates are 80.14% (p=1.76e-5) — this residential cluster has many apartment complexes, a
typical living type for many people in South Korea, for the middle and working classes. In particular,
the mobility of the green cluster in PANIC increases the most in our dataset compared to that
in ALERT for early morning on working days (245.99%, p = 0.029). We speculate that this radical
increase is due to people’s increased exercise in early morning times under the COVID-19 situation.
For holidays, both early-morning and afternoon mobility increases significantly, maybe, also due
to outdoor exercise (166.30%, p=0.015). This cell that shows such an abnormal pattern is a park and
the only cell in the green cluster. This region is highlighted with a red circle in Fig. 3 (a), and its
nearby cells are one of the most expensive areas and the best school district in the city of Incheon.6
Another interesting pattern is that there are new peaks observed in early morning times and
late afternoons on working days during PANIC in the residential cluster. In the commercial cluster,
the pattern is similar to the residential cluster where the morning and afternoon peaks are slightly
shifted to earlier times, respectively, during working days. These changes might be due to com-
muting citizens who had to shift their commuting times to avoid the crowds. Also, the increased
volumes on both working days and holidays in these clusters indicate that some people had work
more during and after the pandemic, which might be caused by decreased income.
Finally, Fig. 6 presents Voronoi cells with non-significant mobility changes (residential: -0.62%,
p =0.198, commercial: -0.34%, p =0.713, industrial: -0.84%, p =0.418, green: 0.68%, p =0.438). As
6The reputation of the school district is a key determinant that shapes housing prices in South Korea. In this particular cell,
there are two high-profile high schools special-purpose for science/international subjects and highly competitive.
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(a) Residential cluster (29 Voronoi cells)
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(b) Commercial cluster (13 Voronoi cells)
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(c) Industrial cluster (3 Voronoi cells)
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(d) Green cluster (1 Voronoi cell)
Fig. 5. The hourly mobility patterns for various land-use types of Voronoi cells where human mobility
increased after tm .
noted, p-values are not significant in these cells between ALERT and PANIC, when the paired
t-test is used. However, we can still observe some pattern changes for particular time frames. For
example, on working days in the green cluster during PANIC, a peak in mobility is observed at
around 6 PM, maybe due to people’s outdoor exercises. During the morning times on holidays in
the residential cluster, a peak is observed as well, maybe due to extra work or outdoor activities.
These cells are a random sample of 210 cells out of all the 777 cells that do not present changes in
mobility because many cells are in peripheral areas and we assumed that a random sampling of
these cells would show a representative mobility pattern of the population (i.e., the 777 cells).
5.3 RQ2: How did human mobility in South Korea vary depending on socio-economic
status?
In the aggregate level, there was no significant change in mobility that is shaped by socio-economic
differences, which is consistent with the reporting from the Sweden case [12]. We further analyze
the impact of socio-economic status to see how they vary in more contextual conditions. Using
the housing price information in Section 4.5, we choose residential cells and group the cells into
quantiles. The mobility patterns for the top and bottom quantiles of housing prices are shown in
Fig. 7. In the top quantile cells in Fig. 7 (a), the average mobility on working days and holidays
slightly decreases during the daytime of PANIC compared to that of ALERT (-2.69%, p=0.050).
RELIEVED, however, shows an increased mobility pattern by 3.44% (p=0.007) in comparison with
PANIC. One more interesting point is that the top quantile’s mobility is mostly larger than the
baseline marked with the dotted horizontal line (i.e., y=100). This might be because wealthy areas
in South Korea tend to have well-managed parks, and people would have better access to these
parks.
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(a) Residential cluster (146 Voronoi cells)
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(b) Commercial cluster (36 Voronoi cells)
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(c) Industrial cluster (18 Voronoi cells)
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(d) Green cluster (10 Voronoi cell)
Fig. 6. The hourly mobility patterns for various land-use types of Voronoi cells where human mobility does
not change after tm .
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(a) The top quartile of housing price
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(b) The bottom quartile of housing price
Fig. 7. The hourly mobility patterns for the top and bottom quantiles of the average unit prices for housing.
In the bottom quantile cells in Fig. 7 (b), there are no significant changes observed in working-day
mobility during PANIC, and its mobility pattern is mostly lower than the baseline. One possible
interpretation is that people still need to work even in the COVID-19 situation, so there are no
significant working-day mobility changes. Maybe for a similar reason, the golden-cross does
not cause any mobility change for the bottom quantile. Also, increased mobility in the morning
and afternoon times on holidays during PANIC compared to ALERT confirms such inferences.
Meanwhile, its holiday mobility shows meaningful increases across time frames (9.10%, p=1.24e-4).
However, the absolute volume is not as large as that of the top quantile, maybe due to the limited
access to parks and recreational zones.
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(a) The hourly mobility of female over 60s
ORDINARY ALERT PANIC RELIEVED
W
orking Day
Holiday
 0  4  8 12 16 20 24  0  4  8 12 16 20 24  0  4  8 12 16 20 24  0  4  8 12 16 20 24
50
80
110
140
50
80
110
140
Time (hour)
Pe
rce
nt 
of 
or
din
ar
y−
tim
e h
ou
rly
 vo
lum
es
(b) The hourly mobility of male over 60s
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(c) The hourly mobility of female in their 20s
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(d) The hourly mobility of male in their 20s
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(e) The mobility change by age in the residential cluster with
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(f) The mobility change by age in the residential cluster with
increased mobility from Fig. 5 (a)
Fig. 8. The hourly mobility patterns by gender and age.
5.4 RQ3: How are demographic characteristics related to human mobility during
COVID-19?
RQ3 is answered through analyzing the mobility patterns by gender and age during COVID-19.
According to a study that assesses risk factors of COVID-19 [23], the age of more than 60 is the most
vulnerable demographic group. Therefore, we analyze the most vulnerable age band in conjunction
with gender in Figs. 8 (a) and (b). We do not consider land-use and socio-economic factors for this
analysis but show the mobility averaged over all cases. Interestingly, the male population in their
60s or more shows greater mobility in general than females of the same ages. This might be due to
the cultural embeddedness of traditional gender roles in mobility patterns, where men tend to work
outside while women work as housewives. The changing gender roles in younger generations can
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(a) The hourly mobility in Incheon National Airport.
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(b) The hourly mobility in Incheon Bus Terminal Station.
Fig. 9. The hourly mobility patterns in major transportation-related cells.
be observed in the mobility patterns of people in their 20s, where the mobility difference between
men and women is minimal (Fig. 8 (c) and (d)).
Another finding is that the holiday mobility of males in their 60s or more increases during
PANIC and afterward. The mobility of females also increases but not as much as that of males.
To understand the increase of mobility in old generations better, we plot the mobility change by
age group as bar charts in Figs. 8 (e) and (f). These figures show the average mobility changes (%)
and standard deviations as error bars in the residential areas reported in Fig. 4 (a) and Fig. 5 (a),
respectively. Similar to the patterns observed in Fig. 4 (a), the overall mobility of all age groups
decreases during PANIC with varying degrees. In the cells with increased mobility, while they
are not statistically significant due to the small number of cells, older generations tend to move
more than other age groups. These observations indicate that the older generations show less
mobility change in many areas after the COVID-19 outbreak and sometimes present even increased
mobility compared to younger groups. This pattern is counter-intuitive to what we have reviewed
in Section 2.3, where we expected that the older generations’ perceived risk of COVID-19 through
news articles might hamper their mobility. This result implies that older generations might be
more vulnerable than expected not only due to their age from a medical perspective [23], but also
because of the mobility pattern that does not show a meaningful decrease during the pandemic.
5.5 RQ4: How did human mobility change during COVID-19 in the regions with
important POIs and on the national election day?
Passenger Transportation. Fig. 9 shows the hourly patterns in the two Voronoi cells related to
mid- to long-distance transportation. The mobility around Incheon National Airport drastically
decreases after the first massive infections (-31.46%, p=8.24e-6). Compared to ORDINARY, the
mobility in RELIEVED is almost four times smaller (-80.50%, p=1.21e-56). This is because many
international flights have canceled or temporarily stopped services; international travelers have
also decided to stay in the country due to the global pandemic.
In the cell with the city’s major ground transportation, however, the mobility pattern decreases
only on working days during PANIC and RELIEVED (-17.76%, p=1.10e-4).7 On holidays, mobility
change shows two interesting patterns. During the afternoons and night times, the mobility
increases during PANIC; conversely, during the morning and dinner times, the mobility decreases
sharply. This might indicate that mid- to long-term travels to other cities increased while short-
term trips decreased. In RELIEVED, the overall mobility in holidays significantly increases (14.19%,
7Incheon does not have high-speed train stops (whereas Seoul has three and a nearby city has one). Thus, people should
either move to Seoul to take trains or use the bus terminal to travel to other cities. Therefore, we characterize this cell as the
major domestic transportation method.
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Fig. 10. The hourly mobility patterns in hospitals
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(a) The hourly mobility in Inha University
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(b) The hourly mobility in other universities in the Songdo
district
Fig. 11. The hourly mobility patterns in universities
p=0.04) compared to ALERT and PANIC. The sharp decrease in morning- and dinner-time mobility
observed during PANIC gets back or even increases in RELIEVED. This could be the case that
people who left the city for mid- to long-term come back to the city, and short-term travelers
re-start traveling to other cities after observing the golden-cross.
Healthcare Services. There are a couple of general hospitals in the city, such as Inha University
Medical Center, Catholic University Medical Center, and Gacheon University Gil Medical Center.
Fig. 10 shows the mobility pattern in the cells with these hospitals. Because they are the largest
hospitals in the city of Incheon and are responsible for taking care of COVID-19 patients, their
mobility increases for all cases (24.00%, p=6.67e-5). Only the holiday mobility in RELIEVED is
similar to that in ALERT, which indicates a decreased number of COVID-19 patients. Around the
golden-cross, the number of daily new patients is no more than 50 nationwide. Therefore, it is
possible to say that mobility in hospital regions decreases as COVID-19 patients decrease after the
golden-cross.
Education. The city of Incheon is one of the education-oriented cities in South Korea. There are
many higher education institutions, such as George Mason University Korea, The University of
Utah Asia Campus, The State University of New York Korea, Yonsei University Global Campus,
Inha University. All those universities except Inha University are located close to each other across
adjacent Voronoi cells. They are not open for Spring 2020.
Fig. 11 shows that mobility decreases slightly during the working days in PANIC around Inha
University (-12.07%, p=0.02). However, its holiday mobility significantly increases during PANIC
because this university opens its campus to residents (27.64%, p=0.031). The university campus
might have played a role as a park during PANIC.
, Vol. 1, No. 1, Article . Publication date: July 2020.
20 Myeong Lee, Seongkyu Lee, Seonghoon Kim, and Noseong Park
For other universities located in the Songdo district where premium, apartments, and parks
are co-located, their mobility patterns do not change much on working days in PANIC. People
visit the campuses on holiday mornings during PANIC (46.60%, p=0.028). Because the Songdo
district, highlighted in a blue rectangle in Fig. 3 (a), also has accessible parks, recreational zones,
and commercial facilities, their working day mobility does not decrease in general. In both figures,
one interesting pattern is that the high holiday mobility in PANIC disappears in RELIEVED. This
might indicate that people are getting back to normal.
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(a) Bupyeong area, the area with the largest number of voters
(450K)
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(b) Yeonsu area, the area with the smallest number of voters
(250K)
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(c) Top-3 cells in housing price
ORDINARY ALERT PANIC RELIEVED ELECTION
 0  4  812162024  0  4  812162024  0  4  812162024  0  4  812162024  0  4  812162024
0
200
400
600
Time (hour)Pe
rce
nt 
of 
or
din
ar
y−
tim
e
 ho
ur
ly 
vo
lum
es
(d) Bottom-3 cells in housing price
Fig. 12. The hourly mobility patterns on the legislative elections day. We compare with the holiday mobility
in other periods.
Legislative Elections. South Korea’s 21st legislative elections were held on April 15th, a temporary
holiday promoting voting. They were the first nationwide event since the COVID-19 outbreak in
South Korea. As shown in Fig. 12, the mobility on the election day significantly increases in all cells
related to the events, compared to the mobility in other holidays. Fig. 12 (a) shows the mobility
pattern in the area with the largest number of voters, and (b) shows the smallest one. Their increase
ratios are 10.18% (p=0.024) in Fig. 12 (a) and 7.03% (p=0.045) in Fig. 12 (b).
Another interesting finding on the election day is the difference in mobility by wealth. In Fig. 12
(c), people in the top-3 areas (in terms of housing prices) move more actively than those in the
bottom-3 areas. This difference might provide important implications for the relationship between
socio-economic status and socio-political equity, as discussed in the next section.
6 A TYPOLOGY OF POPULATIONS DURING THE PANDEMIC
Answering research questions is scientifically meaningful because it can show mobility pattern
changes that are different from or similar to countries with different social distancing measures.
In addition to this scientific contribution in the context of mild social distancing, the findings
provide design implications for future systems in the CSCW domain. Based on the mobility patterns
identified concerning diverse factors, we discuss potential opportunities to design technological
interventions that could help flatten the curve and sustain people’s daily practices and work during
pandemics. As an initial effort to provide such implications, a typology of populations is identified
and developed based on their mobility patterns during COVID-19 and associated factors, which
imply their lifestyles and work conditions in the context of mild social distancing.
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6.1 Crowd-avoiding Outdoor Workers
One of the salient types of people during COVID-19 is those who still commute between their
homes and workplaces while changing their commuting times, which we call “crowd-avoiding
outdoor workers.” In the cells that present an increase in mobility (Fig. 5, mobility increased in
early mornings and early afternoons on working days in both residential and commercial areas.
This may mean many people who had to go outside for their work shifted their commuting times to
avoid rush hours. Their concerns might be to ensure their safety during commuting times. For this
type of worker, congestion- and crowd-monitoring systems or route recommendation/coordination
systems could help mitigate their safety concerns during pandemics.
This difficulty is observed in cells with low socio-economic status (Fig. 7). While other patterns
did not change between ALERT and PANIC, cells with low socio-economic status present peaks
during morning times and in the afternoons, just like working days. This means many people may
have to work more during the holidays in PANIC than ORDINARY, maybe because they need to
complement decreased income through gigs or part-time jobs. We hypothesize that this pattern is
not due to other leisure or religious activities because they are not observed during ORDINARY.
Further research is needed to understand the citizen groups who present this mobility pattern
through surveys or in-depth interviews. If the reason for the increased mobility is because of
extra work, the design of crowd-monitoring systems could be improved by considering the job
characteristics of crowd-avoiding outdoor workers.
While not designed in this context, there have been relevant geographically-oriented recommen-
dation systems developed in the CSCW and related fields. For example, Priedhorsky and Terveen
developed a crowdsourcing system called Cyclopath to recommend bicycle routes for cyclists in
the City of Minneapolis, Minnesota, based on people’s biking trajectory data [42]. Also, Quercia
and colleagues designed happy maps that recommend aesthetically pleasant routes by using peo-
ple’s ratings of urban scenes [43]. Although these systems focus on geographical routes, a similar
approach could be used to recommend a route and departure time to help workers safely commute
to their workplaces dynamically.
6.2 Old Workers: Poverty of the Already Vulnerable Population?
Related to workers who have to shift their commuting times, old generations in South Korea
could be another population that needs special consideration from a mobility perspective. One
inference that could be made based on the age group observation is that a large portion of the
older generations who are more vulnerable to COVID-19 than other generations might still need to
commute for their work during the pandemic. As we observed in Fig. 7, people who are in their 60s
or more present a smaller decrease in mobility during the pandemic compared to people who are
in their 20s to 50s. This might be because, in South Korea, people have to retire around the age of
60 by law, and many rely on a gig economy or part-time jobs after retirement.
Studies and news articles show that these generations (usually characterized as “baby boomers”
and “Korean-war generations”) work hard after their retirements but still in poverty [22, 54]. A
news outlet reported that 33% of the retired population in South Korea still work but remain in a
low socio-economic status, which is one of the long-standing social issues [54]. A research article
published by Korea Institute of Finance (KIF) reports that the proportion of the old generations
in the relative poverty level is 43.8% and that in their absolute poverty level is 32.6%, which is
a significantly higher percentage than the absolute poverty rate of younger generations at 9.3%
[22]. According to this report, the reasons for the low socio-economic status include the massive
retirements of people who are baby boomers, a lack of income sources for the old generations,
insufficient preparations for retirement life, and insufficient retirement funds.
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From a technological intervention perspective, providing a crowd-monitoring system is not
sufficient for this population. Technological designs need to consider not only the safe commuting
of this population during pandemics, but also their safe job information and potential digital divides
such as technical literacy, data literacy, and physical access to the internet [49]. At the same time,
policies and social supports need to be combined for the welfare of the old generations because
of their double hardships during the pandemic: both old generations’ medical vulnerability and
work conditions are related to their socio-economic status. Health authorities and policy-makers
can benefit from this analysis in implementing social support policies by knowing how hardships
during COVID-19 manifest across generations in people’s mobility patterns.
6.3 Working Voters
The difference between regions with high and low socio-economic status also manifests in the
mobility patterns on the legislative election day, as depicted in Fig. 12. In the cells with low socio-
economic status, the mobility change is minimal on the election day compared to wealthy areas,
and their peak in mobility is concentrated in morning times. This may indicate that a non-trivial
portion of them voted in the morning and moved to other cells to work even though it is an official
holiday, or they voted in advance.8 Either way, this phenomenon provides implications for the
design of technological interventions for elections during pandemics. On the one hand, the voting,
in general, can benefit from a design of technological coordination systems that help minimize
the congestion at voting venues by assigning voters to appropriate time slots. In this case, the
designers of such systems need to consider existing voting methods and known factors that could
shape voting turnouts, such as early in-person voting and voters’ demographic characteristics [15].
On the other hand, the mobility-driven characteristics of voters need to be taken into accounts,
such as their available times and routes on the election and pre-election days. As the mobility
change patterns indicate, there might be many citizens who still need to work even on voting
days, e.g., self-employed people. Safety issues during a voting process can result in small voting
turnouts, particularly in regions with low socio-economic status due to their limited voting time
slots. Any interventions for voting during pandemics would need to be designed in a way that does
not decrease the voting rate among this population. At the same time, policy-makers and National
Election Commission could benefit from the mobility pattern data by choosing appropriate voting
locations for the convenience and safety of marginalized populations.
6.4 Flexible Office Workers
A noticeable pattern observed from the data analysis is a decrease in mobility in the afternoons in
residential, commercial, and industrial cells on working days (Fig. 4). During the pandemic, people
in these cells decreased their outside activities in the afternoons and rush hours. Because there is
no peak during the rush hours around dinner time, people may not have gone to work during the
pandemic. Based on these patterns, it is possible to infer that a large group of people are flexible in
changing their working times and locations, such as opting to work from home. For this group of
workers, their primary focus might be productivity. If so, asynchronous, remote collaboration tools
might be helpful.
As briefly mentioned in Section 1, technological tools for facilitating remote collaboration are
among the core topics in the fields of CSCW and HCI. Bjørn and colleagues report, through their
ethnographic work, that successful remote collaboration should involve (1) the development of
common ground among team members to have a shared understanding of concepts, vocabularies,
and norms, (2) collaboration readiness such as languages, necessary skill sets, and peripheral
8It was possible to vote in advance a few days earlier than the official legislative election day.
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knowledge outside of their core jobs shaped by organizational structure, (3) collaboration tech-
nology readiness such as conferencing tools and shared document practices, (4) coupling of work
that creates interdependencies among remote workers that facilitate communications with and
awareness of each other, and (5) organizational management that tends to be more difficult in a
remote environment because of the reinforced power structure driven by the physical separation
of teams [5].
In addition to these already complex challenges in remote collaboration, the context of pandemics
can make it more difficult to develop any of these components. For example, a sudden change in
working environments could result in a lack of preparation time for organizations and workers to
develop common ground among team members, equip them with the necessary technology for
remote collaboration, and structure the work in a way that creates higher interdependencies among
them. Also, remote workers could struggle from additional challenges in a home environment if
they have family duties, such as taking care of children and helping household work, as reported
by many recent studies [9]. Accordingly, the design for remote collaboration during pandemics
should consider these factors as well as people’s daily mobility patterns (i.e., high in the mornings
and low in the afternoons) to understand their behaviors and daily challenges better.
6.5 Leisure Time Seekers: Socializing Goers and Day Travellers
Part of the remote work collaboration is closely related to their socializing and leisure behaviors,
because knowing and understanding team members is a good way to develop common grounds.
Beyond this, socializing and leisure activities with friends and family members is an essential
part of life for people’s mental/physical health and the development of trustworthiness within a
community. According to Fig. 4, people usually hang out with friends and family in the afternoons
of holidays in ORDINARY. However, in the PANIC period, the peak during dinner times disappears.
This change suggests that socializing activities outside of their homes decreased significantly during
the COVID-19 outbreak.
Similarly, in ORDINARY of Fig. 10 (b), bus stations are peaked in the mornings and in the dinner
times on holidays. This might be because of day travelers during the holidays. Domestic travels
from Incheon to locations outside of the city are easier with buses rather than with trains due to
the location of the city. Mobility is decreased during morning and dinner times on the holidays
because day travelers who regularly go to hiking and leisure activities outside of the city might have
stopped having trips during the pandemic. Since socializing and leisure activities are closely related
to people’s mental and physical health, these mobility patterns suggest a need for technological
interventions to help them socialize with each other and enjoy their outdoor activities while
ensuring safety. One possible implication might be, similar to that for crowd-avoiding outdoor
workers, a consideration of crowdedness in POIs or leisure places: systems could be designed by
focusing on safe alternatives and times for outdoor activities. Also, existing socializing and online
networking apps could be re-appropriated by considering their emotional changes and safe times
for connecting socializing goers during dinner times on holidays.
7 LIMITATIONS AND CONCLUSION
As with other data-driven studies, this analysis has some limitations. Even though spatial and
temporal units were aggregated to some degree, there is still uncertainty embedded in the processed
data due to the uneven distribution of taxis across times and locations. Refining aggregation
techniques and other imputation methods could help minimize the spatio-temporal bias. Another
difficulty is that taxis cannot capture mobility if some regions are not accessible by cars. We
overcame this by setting the size of Voronoi cells big enough in such areas. However, future studies
may need to take this uncertainty into account to identify mobility changes more precisely. Also,
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mixed land-use needs to be considered in future analysis. In this paper, we used the highest-ranking
types among the manually-coded land-uses. However, this method still has a limitation from an
analytical perspective. Developing ways to consider the mixed land-use types would make this kind
of study more accurate in interpreting results, especially in cities with a high population density.
Statistical models could be improved in future studies. This study provides a descriptive analysis of
mobility changes, rather than fitting novel statistical models such as Event Study analysis or hazard
models because this study focuses on providing implications for technological interventions during
pandemics. Analyzing mobility changes with advanced statistical models and spatio-temporal
analysis will benefit social scientists and policy-makers with more accurate measures and mon-
itoring technologies. Finally, the use of housing transaction data as a proxy of socio-economic
status needs more validation. Although there is strong evidence that real-estate ownership is a
symbolic and material wealth indicator, there might be some discrepancies between housing prices
and actual wealth at the mesoscopic region level. Measuring and predicting socio-economic status
could benefit from machine learning models and large-scale surveys in future studies. Also, open
data support from the statistical department in the government of South Korea will help alleviate
this issue.
Nevertheless, this study provides extensive analyses of human mobility during the COVID-
19 outbreak, by possibly covering the most pre- and after-pandemic periods in South Korea. By
analyzing human mobility in diverse regions and times of the day, this paper contributes to the
scientific findings on mobility during COVID-19 in the context of mild social distancing. Also,
through the examinations of daily pattern changes in mobility, this paper identifies a typology of
five mobility groups who potentially need more attention for their safe navigation of daily practices.
We hope that the typology of populations and their discussions provide useful implications for
the design of technological interventions to help relieve the on-going challenges and plan for the
post-pandemic era.
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